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Tree crops like oil palm present a unique challenge in land cover mapping, as they are

often misclassified as natural forest. The area cultivated with oil palm in Ghana has rapidly
expanded since 2000, and production is expected to continue to increase. Sentinel-1 and
Sentinel-2 satellite data was used to map mature, closed-canopy oil palm extent in 2019 around a
known oil palm mill in a Ghana study area that includes both industrial plantations and
smallholders. The combination of Sentinel-1 and Sentinel-2 inputs outperformed either input
alone for mapping industrial oil palm. A separate accuracy assessment for this combined input
approach demonstrated high accuracy in mapping smallholders as well. To validate these
findings, results were compared with available production information and a global oil palm
remote sensing product. The resulting map can inform sustainable oil palm efforts in Ghana,
which is understudied in current oil palm remote sensing literature.
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CHAPTER 1: INTRODUCTION
1.1 Overview
Tropical forests are widely known to be important pieces of the global environment and
climate system. They provide valuable ecosystem services such as reducing surface water runoff,
controlling soil erosion, preventing desertification, sequestering carbon, producing oxygen,
improving air quality, and hosting large amounts of biodiversity, as well as providing
recreational and sometimes spiritual benefits to local communities (Xue and Tisdell, 2001; Ninan
and Makato, 2013; Ninan and Kontoleon, 2016; Acharya et al., 2019, FAO, 2020a). Despite
forests’ potential as vast carbon sinks, the United Nations (UN) Intergovernmental Panel on
Climate Change (IPCC) found 23% of global emission from human activities over the period of
2007 - 2016 to be driven by agriculture, forestry, and other land use activities, with the major
contributor being deforestation (IPCC, 2019). Uncertainty on forest extent and even the
definition of a forest, however, limits the effectiveness of forest related policy (Sasaki and Putz,
2009; Sexton et al., 2016).
The Food and Agriculture Organization (FAO) of the UN defines “forest” as “land
spanning more than 0.5 hectares with trees higher than 5 meters and a canopy cover of more than
10 percent,” except for “land that is predominantly under agricultural or urban land use” (FAO,
2020b). The FAO definition specifically excludes oil palm plantations. Similarly, the Forestry
Commission of Ghana defines “forest” as “any piece of land with a minimum area of 1 hectare,
with a minimum canopy cover of 15% and with trees that have the potential to reach or have
reached a minimum height of 5 meters at maturity in situ,” including timber tree plantations but
excluding tree crop plantations like oil palm (Forestry Commission of Ghana, 2016; Forestry
Commission of Ghana, 2021). Both forest definitions take land use into account, yet common
data products focus on forest as a land cover.
1.2 Current Land Cover Products and Their Limitations
Land cover is considered an “Essential Climate Variable” by the Global Climate
Observing System (GCOS) of the World Meteorological Organization. While many land cover
products are available, there is a recognized need to develop further distinctions within classes,
with natural forests and plantations specifically cited, to fit IPCC guidelines (GCOS, 2021).

Rather than make this distinction between natural forests and tree crop plantations, many
commonly used land cover products classify both as a forest or general tree cover class (Figure
1.1), despite their very different environmental and climate implications. Natural forests are
much more effective at carbon sequestration (Berenguer et al., 2014; Kho and Jepsen, 2015;
Lewis et al., 2019; Anokye et al., 2021) and are unmatched in protecting tropical biodiversity
(Davis and Phillips, 2005; Barlow et al., 2007; Fitzherbert et al., 2008; Gibson et al., 2011;
Savilaasko et al., 2014). They also offer a host of ecosystem services that are diminished through
conversion to oil palm plantations (Dislich et al., 2017).

Figure 1.1 Common land cover products over known forest reserve and oil palm plantation in southern Ghana

This uncertainty on the spatial distribution of tree crops and managed forests limits the
effectiveness of mapping land cover changes (Sterling and Ducharne, 2008), which is vital to
understand as land cover and land use changes are responsible for about ⅓ of anthropogenic
carbon emissions since 1850, driven largely by deforestation (Houghton et al., 2012). Regardless
of spatial resolution, commonly used land cover products do not properly distinguish between
forest and tree crops. The land cover products presented in Figure 1.1 have spatial resolutions of
100-meters (CGLS LC-100), 500-meters (MODIS IGBP) and 25-meters (ALOS PALSAR
Forest/Non-Forest). However, recent land cover products produced at 10-meter resolution still do
not properly distinguish between the classes (Figure 1.2), labeling both only as trees.
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Figure 1.2 Recently produced high resolution land cover products over known forest
reserve and oil palm plantation in southern Ghana

The Forestry Commission of Ghana acknowledges the misclassification of tree crops as
the major flaw in their 2012 Forest Preservation Plan and stated the need for new remote sensing
methods for improving this differentiation (Forestry Commission of Ghana, 2016). Even the
widely cited Hansen et al. (2013) paper that feeds into the Global Forest Watch platform often
mistakes mature tree crop plantations for forest (Tropek et al. 2014; Sandker et al. 2021). This
arises from Hansen et al. using only the first portion of the FAO definition and ignoring the vital
land use portion of the definition, therefore mapping tree cover rather than true forest extent due
to the limitations of their pixel-based Landsat method. Data product users can apply their own
forest definitions with land use included (Hansen et al., 2014), however, some developing
nations continue to use the product as is for forest monitoring while they build their own specific
national forest monitoring systems (Sandker et al., 2021). The Product User Manual of one land
cover product, the Copernicus Global Land Service LC-100m product (Figure 1.1), includes a
user survey that indicated the desire to add both a plantation forest / tree crop class as well a
specific oil palm class, but notes that further research and development is needed to do so
(Buchhorn et al., 2020). Improving land cover maps at local scales by including plantation land
cover classes is a necessary first step to improve natural resource management and planning,
inform international policies that combat deforestation like the UN’s program on reducing
emissions from deforestation and forest degradation (REDD+), and monitor the supply-chains of
commodity producers. Quality land cover products that distinguish tree crops from natural forest
will also assist in filling in gaps in government reporting of commodity crop production. While
some governments provide oil palm area statistics at different administrative levels, satellite
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remote sensing offers the opportunity to understand the spatial patterns of these extents and
validate nationally reported statistics (Cheng et al., 2018).
1.3 The State of Global Commodity Production
Globalization has led to the expansion of agricultural lands in developing countries of the
tropics as land scarcity and environmental regulations in developed countries lead to
displacement of land cover change (Lambin and Meyfroidt, 2011; Defries et al., 2010; Meyfroidt
et al., 2014). Most (55%) of this tropical agricultural expansion between 1980 and 2000 came at
the expense of intact forests (Gibbs et al., 2010). This trend has continued, with agricultural
expansion remaining the largest threat to natural forests globally from 2000 to 2010 (Hosonuma
et al., 2012; FAO, 2020a). Curtis et al. 2018 found commodity production to be the largest single
driver of deforestation globally, responsible for 27% of global deforestation from 2001 through
2015. These findings largely underestimate commodity production in West Africa, however,
incorrectly classifying commodity agriculture as shifting agriculture across Africa. This points to
the difficulty of commodity mapping in Africa, due to the presence of many smallholders rather
than large industrial plantations, and the shifting nature of African commodity crop production
(i.e., cocoa).
While much attention is given to large scale oil palm plantation-driven deforestation in
southeast Asia and fires set to clear land for cattle and soy in the Amazon region, less attention
has been given to studying commodity driven deforestation in sub-Saharan Africa (Meyfroidt et
al., 2014). However, agricultural commodity production and its resulting deforestation is
expected to increase in Africa (Ordway et al., 2017). While global deforestation rates decreased
in 2010-2020 compared to the previous decade, African deforestation rates increased and were
the highest of any region in the world (FAO, 2020b), supporting these fears of a deforestation
shift to Africa. Remote sensing is well positioned to address this issue. While Earth observation
has been a boon to monitoring the impacts of agricultural commodities on forest landscapes,
these efforts have largely focused on large producers like Brazil and Indonesia and ignored
countries in Africa (Gardner et al., 2019).
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1.4 The State of Forests and Oil Palm in Ghana
The Guinean Forests of West Africa were identified as a global biodiversity hotspot over
20 years ago, with over 2,000 endemic plant species and 200 endemic vertebrate species within
them (Myers et al., 2000). The Upper Guinean Forest stretches across the coast of West Africa
from Guinea to Togo, however, only about 10% of its estimated original primary vegetation
remains (Myers et al., 2000; Gockowski and Sonwa, 2010; CILSS, 2016). Expansion of low
input, low yield agriculture has been the main driver of this deforestation. About 80% of the
original forested lands in West Africa now exist as an agriculture-forest mosaic (Norris et al.,
2010). In Ghana, the remaining portions of undisturbed forest are primarily within a patchwork
of forest and nature reserves (CILSS, 2016), covering only about 11% of their original extent in
the country (Ghana Ministry of Environment and Science, 2002).
Forests in Ghana are recognized to provide invaluable ecosystem services and supply
important goods that underpin the nation’s predominantly agrarian economy. Destruction of
these ecosystems would have major consequences for Ghana’s economy and global climate
(Forestry Commission of Ghana, 2021). Therefore, accurate maps are crucial for environmental
planning in the region. Due to their confusion with natural forest in many land cover products,
tree crops present a unique challenge to effective monitoring and planning in the region.
Common land cover products on global and regional scales often use broad classes, without the
specificity required for mapping tree crops (Figure 1.1; Figure 1.2). Most plant and forest types
have very similar spectral responses (Lefsky and Cohen, 2003). Additionally, the physical
structure of tree crops is more like natural forest than for other agricultural crops, complicating
the use of SAR backscatter in classifying tree crops into forest and non-forest classes. Also,
perennial tree crops in the tropics do not present the phenological patterns that can be useful for
time series analysis of annual agricultural crops (Bellon et al., 2017). Agriculture in Ghana is
driven by smallholders, further complicating effective mapping. About 40% of agricultural land
is on farms of less than 2 hectares and about 75% on farms of less than 10 hectares (Ricciardi et
al., 2018). For oil palm specifically, smallholder plantations range typically range from 0.5
hectares to 5 hectares, while industrial plantations can range from 40 hectares to 6,500 hectares
(Meijaard et al., 2018).
West Africa is largely known for its cocoa production, producing 70% of the global
cocoa supply (Schroth et al., 2016; Schroth et al., 2017). However, oil palm (Elaeis guineensis)
5

has a rapidly expanding presence in both Ghana and West Africa. FAO data shows oil palm
cultivation area in Ghana roughly doubling from 160,000 hectares in 2000 to 355,519 hectares in
2019 (FAOSTAT, 2019; Figure 1.3). Despite being native to West Africa, oil palm has largely
been cultivated on large industrial plantations in Southeast Asia, with 85% of the global
production occurring in Indonesia and Malaysia (IUCN, 2018). As a result, the scientific
literature focuses on large industrial plantations in Southeast Asia (Hansen et al., 2015; Chong et
al., 2017), with little attention given to West African palm oil producing countries like Ghana.

Figure 1.3 FAOSTAT oil palm cultivated area in Ghana, 1961 – 2020.
Data source: UN FAO

Africa, however, accounts for nearly a quarter of the global oil palm cultivated area
(Ordway et al., 2019), and the African oil palm industry is expected to continue expanding in the
future (Wich et al., 2014; Carrasco et al., 2014; Hansen et al., 2015; Rhebergen et al., 2016;
Strona et al., 2018; Ordway et al., 2019). In Ghana, this expansion will reduce the resilience of
forest ecosystems and impact important forest ecosystem services like the provision of “bush
meat,” medicinal plants, and wood for fuel (MASDAR, 2011). Oil palm is also replacing aging
cocoa plantations in some parts of Ghana (Schroth and Ruf, 2014; Schroth et al., 2017; Asibey et
al., 2019). This is of concern as oil palm has been found to support lower species richness than
cocoa farming and other common local agricultural land uses (Fitzherbert et al., 2008). The
production of commodities in sub-Saharan Africa can also lead to food insecurity by replacing
farming for local consumption (Dompreh et al., 2021). Oil palm produces a higher yield per area
of oil than other oilseed crops, however, meaning that a shift to another oilseed crop would lead
to further land consumption (IUCN, 2018). Since it is inevitable, it is important to guide oil
6

palm’s expansion in the most sustainable way possible. Monitoring the associated land cover
changes is key to sustainability (Furumo and Aide, 2017).
Africa has a particularly large amount of forested area that overlaps with suitable
cultivation area for oil palms, driving the need for improved satellite monitoring (Vijay et al.,
2016). However, application of methods developed for southeast Asia or global contexts may
prove difficult in West African study areas where there are more smallholders. Smallholder oil
palm plantations are often more difficult to detect (Cheng et al., 2018; Descals et al., 2021).
This is due to the presence of mixed pixels that impact signals, resulting from a variety of factors
like smaller field sizes, irregular field boundaries, intercropping of fields, and lack of full canopy
closure resulting from farming practices (Descals et al., 2019; Descals et al., 2021). Industrial
plantations, however, plant fields with geometric boundaries and monoculture systems more
conducive to satellite remote sensing. While in Malaysia and Indonesia smallholders make up
40% of the oil palm concessions by area, in Ghana the smallholder area is 93% (Meijaard et al.,
2018). Therefore, methods that do not accurately map smallholders are performing poorly for the
vast majority of oil palm area in Ghana.
1.5 Satellite Remote Sensing of Oil Palm
Fusion of multispectral and radar datasets has become popular in land cover mapping,
offering combined physical (structure) and chemical (greenness) characteristics for mapping
(Joshi et al. 2016). Danylo et al. 2021 used the VV, VH, and VV/VH polarizations of C-band
Sentinel-1 yearly mosaics, as well the Gray Level Covariance Matrix (GLCM) texture metric of
these properties, to detect oil palms in southeast Asia using an unsupervised classification
method without training data (83.11% overall accuracy). A Landsat 5 and 7 based NDVI
threshold was also applied, meaning the detection method relied on both the structure and
greenness of oil palm for detection. Similarly, Descals et al. 2019 used Sentinel-1 and Sentinel-2
mosaic data to map oil palm plantations in a province of Indonesia using a random forest
classification, with the added distinctions of young vs mature and industrial vs smallholder
plantation types. Additional texture and convolutional features like GLCM were calculated from
the bands to improve performance of the classifier. The combination of Sentinel-1 and Sentinel-2
with additional features added proved best in separating oil palm from other land uses (95.3%
OA). Descals et al. 2021 built upon their earlier findings and used Sentinel-1 and Sentinel-2 (red
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band only), as well as ancillary datasets, as input data into a convolutional neural network (CNN)
to map oil palm plantations globally. This semantic segmentation approach was able to map oil
palms at an extremely high accuracy (98.52% OA), and distinguish between industrial
plantations and smallholders, as the algorithm learns contextual information. The paper does
mention poor performance over West Africa in particular, however, due to open canopies, sparse
plantings, and nonhomogeneous settings that are more difficult to classify.
Lee et al. 2019 used Landsat 8 imagery to distinguish industrial oil palm from the
surrounding forest in Indonesia with random forest (91.2% OA) and classification and regression
trees methods (93.6% OA). While they only employed optical imagery, they pointed to the
addition of radar as a possible future improvement of their method. Sarzynski et al. 2020 used
Landsat 8 and ALOS-2 PALSAR-2 L-band SAR data to map oil palms over a portion of
Indonesia with a random forest classification and found the fusion of the two data types to
outperform each individually (84% OA). Not only were bands used from each sensor, but many
indices, textures, and combinations were created and used in classification. Li et al. 2015
presented a rare example in Africa, using ALOS PALSAR data to map oil palm plantations in
Cameroon with several classification algorithms. The QUEST decision tree classifier performed
best (92.63% OA).
These studies used Google Earth Engine (GEE) software for carrying out their methods
(Gorelick et al., 2017), apart from Li et al. 2015 (ENVI) and the CNN portion of Descals et al.
2021 (Matlab). They did not include any field data for training/ validation, but rather used points
and polygons digitized from high-resolution imagery. Various classifiers and satellite data inputs
have been tested, with a fusion of Sentinel-1 and Sentinel-2 data being a common approach.
1.6 Research Objectives and Organization of Thesis
This research aimed to fill gaps in current oil palm remote sensing literature. It built on
prior research focused on southeast Asia and applied it to West Africa, an understudied studied
region with expanding oil palm plantation areas. It also addressed challenges in mapping
smallholder plantations, a limitation cited often in literature and especially relevant to the
Ghanaian context. While spatial information is available for some oil palm in Ghana through the
Roundtable on Sustainable Palm Oil (RSPO), this only accounts for certified plantations. These
are almost always large industrial plantations that represent a small fraction of the true oil palm
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area cultivated in Ghana (Table 1.1). This means available geographic information on oil palm
extents largely leaves out the smallholders that account for 93% of total oil palm area in Ghana
(Meijaard et al., 2018). Additionally, it is known that smallholders have driven the rapid post2000 expansion in cultivated area while industrial plantation area has stayed relatively constant
(MASDAR, 2011). Therefore, to understand the true state of oil palm in Ghana it is vital that
smallholder areas are accurately mapped.

Table 1.1 Comparison of RSPO certified oil palm area and FAOSTAT cultivated
oil palm area in Ghana.
Data source: RSPO (2015); RSPO (2017); RSPO (2019); UN FAO

The specific objectives addressed in this thesis are:
1) Evaluate the accuracy of a random forest classification for mapping mature, closedcanopy oil palm using Sentinel-1 only, Sentinel-2 only, and a combination of both inputs
2) Compare industrial oil palm plantation accuracy to smallholder oil palm accuracy
3) Validate oil palm classification result using available information in data-scarce region
This thesis is divided into four chapters. Chapter 1 has been an introduction to the
research, providing a background on the importance of forests, the relationship between forests
and oil palm commodity production, the limitations of common land cover products for mapping
oil palm, and a review of current literature on satellite remote sensing related to oil palm. This
information provides the motivation for this research. Chapter 2 discusses the methodology of
the research and the data used to address the research objectives. Chapter 3 analyzes the results
of the research. Chapter 4 puts these results into context, including implications for Ghana and
future directions, as well as relevance to the SERVIR program.
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CHAPTER 2: DATA AND METHODOLOGY
2.1 Data
2.1.1 Sentinel-1
This research sought to test the effectiveness of both synthetic aperture radar (SAR) and
multispectral satellite data for mapping oil palm in southern Ghana. The SAR data used was
from Sentinel-1, a constellation of two C-band SAR satellites launched in 2014 and 2016 by the
European Space Agency (ESA). Together, this constellation provides global data with a 6-day
temporal resolution. The interferometric wide (IW) swath, dual-polarization mode data was used.
Only ascending passes were used, as this is the only pass available for the region. Both vertical
transmit vertical receive (VV) and vertical transmit horizontal receive (VH) polarizations
collected by Sentinel-1 were used. All scenes used were from the Sentinel-1A satellite in path
147. Data was downloaded from the Alaska Satellite Facility Distributed Active Archive Center.
Prior to download, radiometric terrain correction (RTC) was applied to each scene to correct
errors related to topography and look angle, providing physically correct radar cross-section
values for each pixel of the scene (Meyer, 2019). The digital elevation model (DEM) used for
RTC process was the Copernicus 30-meter DEM, resulting in RTC scenes with 30-meter
resolution pixels. An Enhanced Lee speckle filter was also applied prior to download.
Sentinel-1 is an active microwave radar. Due to its wavelength, it is not influenced by
atmospheric conditions like cloud cover (Kellndorfer et al., 2019). This is a great benefit for
working in frequently cloudy environments like tropical West Africa (Simard, 2019). Despite
SAR’s ability to penetrate clouds, C-band SAR data can be influenced by heavy rain events that
impact soil and vegetation moisture content (Kellndorfer, 2019). To minimize the impact of
rainfall on surface backscatter response, scenes used were selected from December 2018 through
February 2019, the driest months of the year in this region of Ghana. Of the available scenes
from this period, further analysis was done using Global Precipitation Measurement (GPM)
Mission data to ensure no heavy rainfall events occurred in the study area on the date of
Sentinel-1 data acquisition or the two days before. Only scenes within the dry season that had no
recent heavy rainfall according to GPM data were selected for use in this study. As a result, the
specific scene dates used were December 24 (2018), January 10 (2019), January 22 (2019), and
February 15 (2019).
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2.1.2 Sentinel-2
The multispectral remote sensing data used was collected from ESA’s Sentinel-2, a
constellation of two satellites launched in 2015 and 2017. These are passive sensors, meaning
they measure reflected electromagnetic radiation emitted from the Sun for imaging rather than
providing their own source as SAR does. As a result, they do not collect data at night. In
addition, they operate at visible, near infrared (NIR), and shortwave infrared (SWIR)
wavelengths, which are influenced by cloud cover. The characteristics of the specific Sentinel-2
bands used in this research are shown in Table 2.1. This data is hosted on the Google Earth
Engine (GEE) platform (discussed further in section 2.2 of this chapter) as already corrected
surface reflectance values. Sentinel-2 was chosen over Landsat 8 due to its higher spatial
resolution (10m/20m vs 30m) that can be helpful for mapping smallholder oil palm plantations
(Nomura and Mitchard, 2018), as well as its lower revisit time (5 days vs 16 days), providing a
higher chance of cloud free data in this very cloudy study area. Scenes over the study area from
January 1, 2019 to March 1, 2019 were used in this research.

Table 2.1 Wavelength and spatial resolution of Sentinel-2 multispectral
bands used in this research
Data source: ESA (2022)

2.1.3 Ancillary Datasets
While only the Sentinel-1 and Sentinel-2 data were used as inputs into the random forest
classification, other datasets were employed to develop training data, define the study area, and
aid in post-classification analysis. As there was no field data collected on the ground for this
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research, high-resolution imagery was required to record reference data for training and
validation of the random forest classification. The satellite basemap provided on GEE was used
for this purpose. While the dates of individual images on the GEE basemap are not provided,
they are generally less than two years old (Descals et al., 2021). This imagery has been
successfully employed for mapping oil palm (Descals et al., 2021) due to their replanting cycles
of roughly 25-30 years and their perennial nature.
Several shapefiles were used to assist in reference data collection. Borders of certified oil
palm plantations were gathered from the RSPO. This does not provide a full picture of the oil
palm grown in the study area, as less than 9% of total cultivated oil palm area is certified by the
RSPO according to UN FAO and RSPO statistics (Table 1.1). Only the borders of the large
industrial plantations within the study area, Kwae and Okumaning, were used, as they were
validated through analysis of high-resolution imagery. Spatial information on forest reserves was
used as well, downloaded from the World Database on Protected Areas (WDPA). These
boundaries were used to define natural forest areas in this study, as forest reserves contain the
only areas of undisturbed primary forest remaining in Ghana (CILSS, 2016). Finally, oil palm
mill location information was gathered from the World Resources Institute’s (WRI) Universal
Mill List (Sargent et al., 2020). Information on the ancillary shapefiles used is summarized in
Table 2.2.

Table 2.2 Ancillary shapefiles used

2.2 Methodology
2.2.1 Study Area
This research focused on a study area in the Eastern Region of Ghana, the administrative
region with the most palm oil production in Ghana (MASDAR, 2011; USDA FAS, 2017).
Specifically, the mill of the Kwae plantation was selected, and a 50-kilometer buffer region was
created around this mill to define the study area (Figure 2.1). The buffer size is likely sourcing
area of the oil palm mill. Palm oil must reach the mill in 24 hours or less to preserve its quality,
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and a 50-kilometer road network represents maximum distance that can likely be traveled in this
timeframe in Ghana (Harris et al., 2019). The study area included two large industrial oil palm
mills certified by the RSPO (Figure 2.1), as well as the network of smallholders that surround
these plantations. Agriculture employs most people in the area, with the operation of small-scale
oil palm processing mills being the main industrial activity of locals (Osei-Amponsah et al.,
2012). The forest reserves in the area contain undisturbed primary forest land cover. Various
other land covers are included in the study area, including urban surfaces, rubber plantations,
bare ground, and other vegetation.

Figure 2.1 50-kilometer buffer area around selected known oil palm mill that serves as study area (right) and
location of study area in Ghana (left)

To allow for comparison of results with the global oil palm map produced by Descals et
al. 2021, the year selected for this study was 2019. Their global analysis found West Africa to be
a particularly difficult region to map (Descals et al., 2021). Since oil palm is a perennial tree crop
without much phenological change throughout the year in its tropical environment once it
reaches its mature, closed canopy stage, data can be collected throughout the year without much
variation (Forero et al., 2011). However, only the dry season (December 2018 – February 2019)
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was considered to minimize impacts of cloud cover and rainfall on results. The full methodology
used in this study to classify mature, closed canopy oil palm is shown below (Figure 2.2).

Figure 2.2 Methodology overview diagram

2.2.2 Preprocessing
Median composites of the dry season scenes over the study area were created for both the
Sentinel-1 and Sentinel-2 data. As Ghana is an extremely cloudy tropical country, compositing
scenes from throughout the dry season helps reduce cloud cover that impacts classification
results. For Sentinel-1 data, the selection process using GPM data to disqualify scenes with
recent rainy days (Section 2.1.1) was conducted prior to compositing. The remaining four scenes
were combined into a median composite, temporally filtering the scene to reduce inherent SAR
speckle while maintaining spatial resolution of the data. This was done separately for VV and
VH bands, resulting in a 2019 dry season VV mosaic scene and 2019 dry season VH mosaic
scene. For Sentinel-2 data, several steps were taken to reduce the impacts of cloud cover. Dry
season scenes covering the study area from January 1, 2019 to March 1, 2019 were selected. Any
scenes with more than 20% cloudy pixels were removed, resulting in 23 usable scenes.
Remaining clouds were then masked using the Sentinel-2 Quality Assessment (QA) band.
Finally, a median composite of these scenes was created, further reducing cloud cover. Any
remaining cloudy pixels would therefore represent pixels that did not have any cloud-free scenes
over the two-month dry season window. This resulted in a 2019 dry season mosaic for each of
the 10 multispectral bands.
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Derived indices were calculated using the median composites to provide more
information to the classifier than simply bands alone. For Sentinel-1, the derived indices were the
ratio of VV to VH band (VV/VH), the difference of VV and VH band (VV-VH), and the radar
vegetation index (RVI). RVI was first formulated by Kim and van Zyl (2000) to estimate soil
moisture of bare surfaces. It measures volume scattering well, giving useful information on the
complex structure of vegetation (Szigarski et al., 2018). While it was created for quad-polarized
data (including HH, HV, VV, and VH bands), it has been adapted to forms that allow dualpolarized data such as the VV and VH bands available from Sentinel-1 (Nasirzadehdizaji et al.,
2019; Mandal et al., 2020). This is shown in the formula below, with VV and VH being
backscatter in their respective polarizations in power units.
ܴܸ ܫൌ Ͷ

ܸܪ
ܸܸ  ܸܪ

For Sentinel-2, the normalized difference vegetation index (NDVI) was calculated. This
is one of the most common vegetation indices used in remote sensing and has been applied to
many different research questions (Huang et al., 2021). The formula for NDVI takes advantage
of the way healthy vegetation uses electromagnetic radiation, as plants absorb visible light in the
red portion of the spectrum for use in photosynthesis, while reflecting the near-infrared
wavelength radiation that can be damaging to their structure. In the formula below, NIR is
surface reflectance in the near-infrared wavelength (band 8 of Sentinel-2) and RED is the surface
reflectance in the red wavelength (band 4 of Sentinel-2).
ܰ ܫܸܦൌ

ܰ ܴܫെ ܴܦܧ
ܰ ܴܫ ܴܦܧ

2.2.3 Reference Data Collection
Random forest classification is a type of supervised classification, meaning the algorithm
must be provided with training data that informs it how to classify pixels in the rest of the scene.
The creation of this training data is extremely important, having a large impact on performance
of the classification (Millard and Richardson, 2015; Nomura and Mitchard, 2018). As a field
campaign was not conducted for gathering ground truth data, high-resolution imagery from the
GEE basemap was used for visual interpretation (see Section 2.1.3). At this high resolution (<1
meter), oil palm is distinguishable from natural forest and other land covers in the study area due
to the unique canopies of oil palms and the planting patterns of oil palm plantations (Figure A.1;
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Figure A.2). Using imagery at a higher resolution than the imagery used for classification is a
viable and cost-efficient approach to collecting reference data (Olofsson et al., 2014). A pseudostratified random sample was employed to generate points for labelling. While assigning labels
to polygons rather than points allows for more pixels to be labeled quickly, it can lead to
spatially autocorrelated training values and bias in classification results (Millard and Richardson,
2015).
Random points were generated within the RSPO certified industrial oil palm plantations,
within WDPA forest reserves, and within the entire study area. By using the RSPO certified
plantation shapefiles to generate the oil palm training data points, only industrial oil palm from
Kwae and Okumaning plantations will be included in the training data. These large industrial
plantations are relatively well documented due to reporting requirements to the RSPO and are
easily identifiable in high resolution imagery. These known oil palm areas were therefore used to
map the unknown smallholder oil palm areas surrounding them within the 50-kilometer buffer
region. Points were generated within the WDPA forest reserves to ensure a wealth of natural
forest points, as this research sought to improve upon the many land cover products that confuse
these two land covers. Additional points were generated throughout the study area to include
other land cover types, allowing the classifier to learn more than just the distinction between oil
palm and natural forest, but between oil palm and all other common land cover classes in the
study area.
Land cover labels were assigned to the points through visual interpretation of the highresolution GEE basemap imagery. Only points where the highest resolution imagery was
available were labeled, to minimize incorrect labels. Additionally, 4.77-meter resolution Planet
NICFI mosaics (Planet, 2021) for the first half of 2019 (December 2018 – May 2019) and the
second half of 2019 (June 2019 – December 2019) were used to ensure no replanting or land
clearing occurred in the time between when basemap imagery was acquired and the study period
of 2019. Finally, the Sentinel-2 input mosaic was viewed to ensure that the training point was not
impacted by cloud cover or shadow pixels that were not filtered out through data preprocessing
steps. A total of 625 points were labeled oil palm and 625 were labeled natural forest. This
resulted in 500 training points for each focus class following a random 80% / 20% split between
training and validation data, drawing on the results of Li et al. (2015) that found the overall
accuracy of various supervised classifications to level off once reaching 500 training points per
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class in their study mapping oil palm in Cameroon. A two-tiered label was applied to each point,
one label being whether the point is oil palm or not, and the other being what specific land cover
it was (adding detail to the non-oil palm class).
2.2.4 Random Forest Classification
Random forest classification is widely used in remote sensing, as it has proven to perform
well in applications involving a variety of different data inputs (Millard and Richardson, 2015).
A random forest classifier is composed of an ensemble of decision trees that vote on the most
likely class for a pixel of input data given the training data (Breiman, 2001). Random forest has
become a popular classifier for mapping oil palm, with recent research mainly focusing on
southeast Asia (Descals et al. 2019; Lee et al., 2019; Sarzynski et al., 2020; Xu et al., 2020). The
random forest function built into GEE was used in this study, with 100 decisions trees and the
rest of the parameters left at default settings, following the usage in Sarzynski et al. (2020).
The random forest classification was run with three different combinations of input data.
One classification included only Sentinel-1 bands and derived indices as input data to the model,
one classification included only Sentinel-2 bands and derived indices as input data into the
model, and the final classification included the bands and derived indices of both satellite data
sources. The result of the classification is a binary map, classifying pixels as oil palm or non-oil
palm. In addition, a separate classification was run using the additional labels for non-oil palm
classes, resulting in a five-class output map (oil palm, forest, urban/bare, rubber, other
vegetation). The binary classification was the focus of this research, with the five-class
classification offering interesting supplemental information.
2.2.5 Accuracy Assessments and Validation
To assess the accuracy of the random forest classification, an error matrix was created.
This is a common way to assess accuracy in remote sensing studies, offering a simple
presentation of correct classifications and errors (Olofsson et al., 2014). The 20% of labeled
reference points withheld from training the algorithm were used for validation. Overall accuracy,
oil palm user’s accuracy, and oil palm producer’s accuracy were calculated for each
classification (Sentinel-1 only, Sentinel-2 only, and combined inputs). It is important to note that
the reference points were drawn only from industrial oil palm plantations certified by RSPO, and
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as a result all validation pixels are located within these bounds. The accuracy metrics are
therefore for industrial oil palm classification, necessitating a separate smallholder oil palm
accuracy assessment to get a true understanding of performance in this region driven by
smallholder production.
A high resolution (0.48m GSD) GeoEye-1 image (ID 105001001A8D6800) from January
3, 2020 was downloaded via Maxar for labeling of a separate set of validation data. This image
covered a region of the smallholder mosaic surrounding the Kwae plantation, and points were
labeled in a binary oil palm or non-oil palm fashion (Figure 2.3). For each class, 125 points were
labeled, matching the amount of validation data per class used in the industrial accuracy
assessment. To focus on the performance of the classification on the heterogenous mosaic of
smallholders, random points for labeling were not generated within RSPO plantation boundaries,
WDPA forest reserve boundaries or urban areas. The nonhomogeneous setting of smallholders in
West Africa is one factor that has limited the effectiveness of previous studies in the region
(Descals et al., 2021). As the combined Sentinel-1 and Sentinel-2 classification outperformed the
individual data source classifications for the industrial accuracy assessment, it was the only result
assessed for smallholder accuracy in this way.

Figure 2.3 Independent smallholder accuracy assessment study area and labeled reference points
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Further validation of results was conducted using information reported by the Ghana Oil
Palm Development Company (GOPDC), which runs the industrial plantations within the study
area. Since they are RSPO certified, there are certain public records provided on the RSPO
website with information on areas cultivated and planting schedules, including PDF maps
(RSPO, 2014). While these PDF maps were created in 2014, their information on planting dates
is still helpful for analyzing results of the 2019 classification. The maps were georeferenced to
plantation boundary information provided by RSPO data using ArcMap, allowing for
classification results to be overlaid and visually compared. While qualitative, this can assess the
ability of the classification to improve understanding of dynamics within industrial plantations,
giving more detailed information than the publicly available RSPO certified plantation
boundaries provide. To help fill in the gap between 2014 when the planting map was created and
201, global forest change data from Hansen et al. (2013) was used to detect tree loss indicating
clearing for replanting. Many studies of oil palm in southeast Asia compare their results with
previous research, however, West Africa is relatively understudied in this field. Due to a lack of
regional or local remote sensing studies, these results were compared with the global
classification output of Descals et al. (2021).
2.2.6 Area Calculations
Areas of mature, closed canopy oil palm were calculated using the results of each
classification through pixel counting, allowing for comparisons between the three runs. Pixels
within the RSPO certified industrial shapefiles were considered industrial oil palm, belonging to
the Kwae and Okumaning plantations. Pixels outside these boundaries in the study area were
considered smallholders. This allowed for separate area calculations of industrial and
smallholder oil palm for each classification method. A 3x3 pixel neighborhood mode filter was
applied to the results of the combined Sentinel-1 and Sentinel-2 classification to reduce noisy
pixels unlikely to represent true values (Nomura et al., 2019; Xu et al., 2019; Sarzynski et al.,
2020). Area was recalculated after filtering. This in effect gives the oil palm map a minimum
mapping unit of 0.09 hectares, smaller than the average smallholder oil palm plantation in
Ghana, which is generally larger than 0.5 hectares (Meijaard et al., 2018). Finally, the raster data
was converted into a multi-polygon shapefile and a minimum area threshold was applied to each
polygon. Those with areas below 0.5 hectares were removed, resulting in a final area calculation
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for oil palm in the study area with a minimum field size of 0.5 hectares, which includes the vast
majority of smallholder oil palm plantations for the region (Chamberlain, 2008).
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CHAPTER 3: RESULTS AND DISCUSSION
3.1 Comparison of Different Data Input Classifications
The first objective of this research was to evaluate the accuracy of different combinations
of remote sensing data as inputs to a random forest model for mapping mature, closed canopy oil
palm plantations. To do so, separate classifications were run with only Sentinel-1 SAR data as an
input, only Sentinel-2 multispectral data as an input, and both datasets as inputs. The resulting
error matrices using industrial oil palm reference data are shown below in Table 3.1. As
expected, the combination of both datasets as inputs outperforms either dataset alone as an input,
as the classifier can learn patterns unique to oil palm both from spectral reflectance signature
(Sentinel-2) and backscatter response (Sentinel-1). This confirms findings from similar previous
studies in southeast Asia (Descals et al., 2019; Sarzynski et al., 2020).

Table 3.1 Error matrices for classifications using inputs of Sentinel-1 only (left), Sentinel-2 only (center), and both
Sentinel-1 and Sentinel-2 combined (right)

The overall accuracy (OA) of the Sentinel-1 only classification was 85.6%, with an oil
palm class user’s accuracy (UA) of 81.5% and an oil palm class producer’s accuracy (PA) of
82.1%. The OA of the Sentinel-2 only classification was 84.3%, with an oil palm class UA of
77.8% and oil palm class PA of 78.5%. The OA of the combined Sentinel-1 and Sentinel-2
classification was 90.3%, with an oil palm class UA of 86.7% and an oil palm class PA of
88.8%. Not only does the combined classification improve upon OA, but also UA and PA for the
oil palm class, important metrics to judge the effectiveness of the classifier. The UA measures
errors of commission, representing the probability that a classified pixel of a certain class
represents the correct class in reference data. The PA measures errors of omission, representing
the probability that a reference pixel of a given class is correctly classified by the model.
There are clear overestimation errors in both the Sentinel-1 based and Sentinel-2 based
classifications, which contribute to their lower accuracies. The Sentinel-2 only classification
confused other green vegetation and oil palm due to their similar spectral responses (Figure 3.1).
21

Sarzynski et al. (2020) actually found that this confusion led to oil palm being underestimated in
Indonesia when using only Landsat imagery, which could explain the low PA of the Sentinel-2
only classification. The Sentinel-1 only classification confused urban areas and oil palm due to
similar backscatter responses. The organization of buildings can result in similar backscatter
responses to oil palm plantations, as both horizontal and vertical structure of a landscape
influences backscatter (Figure 3.1). The backscatter signature of urban areas is influenced by the
orientation and width of the streets, and irregularly planned cities like many of those across West
Africa can forgo the usual assumptions on double bounce scattering that occur in grid pattern
cities with wider streets like New York City (Blasco et al., 2020). Interestingly, the orientation of
oil palm plantations does not seem to impact double-bounce (VV) backscatter response as much
as street orientation does in urban areas, likely due to the hexagonal planting pattern rather than
the linear rows seen in other agricultural fields (Figure A.1; Figure A.2). It should also be noted
that the Sentinel-1 only classification had a spatial resolution of 30 meters due to the spatial
resolution of the Sentinel-1 RTC imagery used, while the Sentinel-2 only and combined
classifications had spatial resolutions of 10 meters each, as can be seen in Figure 3.1. This
resolution can have a large impact on classification results, especially in this smallholder driven
system.

Figure 3.1 Comparison of three classifications in urban area (Ofoase)

Variable importance offers important insight into the physical properties driving the
random forest classification results (Figure A.3). Most important in the Sentinel-2 only
classification were the two SWIR bands (B11 and B12). The SWIR range of Sentinel-2 has been
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useful in differentiating tree types in boreal regions, due to its ability to detect variability in
water content, which may explain its usefulness in separating oil palm from natural forest cover
in this study (Murakami, 2006; Abdi, 2019). The importance of the SWIR bands is evident in
variable importance assessment of Descals et al. (2019) as well. The NIR band and NDVI, which
it feeds into, also proved important. This follows expectations for mapping vegetated land
covers, as they are closely related to greenness and health of vegetation. Shorter wavelength
bands in the visible portion of the electromagnetic spectrum proved less useful. In the Sentinel-1
only classification, VH was the most important input variable. The structure of an oil palm gives
it a characteristic backscatter that differs from other tree and vegetation types (Dobson et al.,
1996; Miettinen et al., 2015). This unique canopy influences the volume scattering that
dominates VH backscatter signals, resulting in VH and VH-VV being crucial to separating out
oil palm from other land covers (Descals et al., 2019, Xu et al., 2021). RVI attains the second
highest variable importance, with oil palm attaining a degree of separability from other
vegetation classes with its relatively low RVI values. RVI has been found to relate closely to
vegetation measures like leaf area index and biomass (Kumar et al., 2013). Oil palm had a very
low RVI in the study area, possibly due to its unique leaf structure and lower biomass than
natural forest (Figure 3.2; Table A.4). Variable importance in the combined classification yielded
similar results, with RVI, VH, and SWIR proving important. However, the red edge 4 band (B5)
of Sentinel-2 was found to be most important to this classification. As expected, the most
important inputs were a mix of Sentinel-1 and Sentinel-2 features, indicating the usefulness of
the combined data source approach.
The complementary information provided by Sentinel-1 and Sentinel-2 is clear when
observing RVI and NDVI, derived indices from each satellite that were both of high variable
importance in both the independent and combined classifications (Figure 3.2). Oil palm areas
have very low RVI values, closer to the values of urban areas than to other vegetated land covers
(Table A.2). This leads to misclassification of urban areas as oil palm in the Senintel-1 only
classification. However, oil palm areas have much higher NDVI values than urban areas (Table
A.3). Adding this information derived from Sentinel-2 leads to low RVI urban areas not being
misclassified as oil palm. The right side of Figure 3.2 makes this clear, as urban areas (low RVI
and low NDVI) are excluded from the oil palm classification. Similarly, NDVI may be similar
between oil palm and other vegetation, however oil palm has a much lower RVI than other
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vegetation, allowing the distinction to be made. Dobson et al. (1996) explain that the structure of
different plant types allows for classification to go beyond vegetation and urban area distinction
and allow for differentiation of specific plant types. While the Dobson et al. (1996) study used Lband SAR, allowing for greater canopy penetration, it seems C-band SAR can do this as well.
Columnar trees like oil palms were specifically cited as a possibly distinguishable vegetation
subclass due to their cylindrical trunk, lack of branches, and blade-like leaves (Dobson et al.,
1996).

Figure 3.2 Impacts of NDVI and RVI as inputs into combined Sentinel-1 and Sentinel-2 classification (purple pixels
represent oil palm; Kwae and Okumaning plantation boundaries outlined in black)

As the most accurate of the three classifications for mapping industrial oil palm
plantations, a further smallholder accuracy assessment was conducted for the combined Sentinel1 and Sentinel-2 classification. The smallholder OA was 80.4%, with an oil palm class UA of
90.4% and an oil palm class PA of 68.0% (Table 3.2). The low PA means many errors of
omission, and therefore an underestimate of smallholder areas. Descals et al. (2021) found their
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area estimates of oil palm in to be much lower than expected, driven by omission of
smallholders. The high UA, however, means there is a high likelihood that a given pixel
classified as oil palm is correct. This suggests that this combined classification gives a highly
accurate, conservative measure of oil palm over smallholder areas. This is supported by area
estimates discussed in Section 3.2.

Table 3.2 Error matrix for smallholder accuracy assessment of Sentinel-1 and Sentinel-2 combined classification

3.2 Area Estimates of Oil Palm for Study Area
Pixel areas for the mature, closed-canopy oil palm class were calculated for each of the
three classifications. Combined with accuracy metrics from Section 3.1, this can offer further
insight into the performance of each classification. It is important to note that the Sentinel-1 data
used in this study did not cover the entire study area of the 50-kilometer buffer region around the
selected oil palm mill at Kwae plantation. Sentinel-1 scenes from only one path and frame were
used to ensure constant view angle and reduce the amount of data required to be downloaded
from the Alaska Satellite Facility Vertex platform and subsequently uploaded to GEE. The
Sentinel-2 data, however, covers the entirety of the study area. As a result, the Sentinel-2 only
classification cover a slightly larger area (entire study area) than the Sentinel-1 only and
combined classifications (which are limited to Sentinel-1 scene area within study area). This can
be seen in the northern portions of the Figure 3.3 and impacts the resulting total area estimates.
The area estimates, calculated through pixel counting with the pixelArea function in GEE, are
summarized in Table 3.3.

Table 3.3 Area calculations for each classification
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Figure 3.3 Oil palm class for full study area of each classification

Both the Sentinel-1 only and Sentinel-2 only approaches seem to overestimate the
amount of oil palm in the area, compared to the more accurate (as established in Section 3.1)
combined approach. The three classifications give relatively similar estimates of industrial area,
however, defined as the pixels classified as oil palm within the RSPO boundaries for the Kwae
and Okumaning plantations. Any oil palm pixels outside of these boundaries within the study
area are defined as smallholder areas. The industrial oil palm areas, with high OAs and relatively
similar area estimates, are therefore mapped with a high confidence. While Sentinel-2 by far
classifies the largest area as oil palm, it has the lowest industrial oil palm classification. This was
likely due to cloud cover that was not filtered out over Okumaning plantation, causing areas of
oil palm to be classified as non-oil palm due to the spectral signature of clouds and cloud
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shadows. The smallholder areas are the source of much of the variation between overall oil palm
area estimates, likely due to the more complex heterogenous environment with large areas of
land covers that cause misclassifications for the Sentinel-1 only classification (i.e., urban areas)
and the Sentinel-2 only classification (i.e., other green vegetation). Section 3.3 will further
explore the spatial characteristics of the combined classification of oil palm over industrial areas.
Additional postprocessing was applied to the combined classification result to observe its
impacts on area estimates and allow for comparison with available statistics. A 3x3
neighborhood mode filter was applied to reduce noise in the classification. This effectively
changes the minimum mapping unit from 100 square meters to 900 square meters (0.09
hectares). This decreased the area of total oil palm from 87,178 hectares to 80,616 hectares,
indicating the removal of many small groups of pixels that were likely noise within other land
covers. The industrial area, however, increased from 8,328 hectares to 8,550 hectares after
filtering, suggesting the closing in of oil palm areas and removal of noise within large industrial
oil palm fields. Finally, this filtered classification oil palm raster was converted to a multipolygon shapefile and a minimum threshold of 0.5 hectares was applied to each polygon. This
decreased the area greatly, resulting in 64,961 hectares of oil palm in the study area. This
suggests there were many pixels in groups smaller than a reasonable minimum area for
smallholder.
3.3 Comparison of Classification Output with RSPO Maps and Statistics
There are no public subnational statistics available for oil palm cultivation in Ghana, as
there are in Indonesia, for example. As a result, other sources of validation data are required. A
re-certification document submitted to the RSPO on December 15, 2019 for Kwae and
Okumaning plantations gave insight into industrial oil palm areas within the study area for the
study period (SCS Global Services, 2019). It stated that there are 7,268 hectares of mature oil
palm in the two plantations combined for 2019. Our result (combined classification, filtered)
classified 8,550 hectares of mature, closed canopy oil palm for the two industrial plantations.
This overestimate was unexpected, as remote sensing studies are likely to underestimate oil palm
cultivated areas by excluding recently planted plantations (Descals et al., 2019). There is some
variability in the age of first detection for mature closed canopy oil palm plantations in literature,
ranging from 3 years of age (Descals et al., 2019; Descals et al., 2021) to 8 years (Koh et al.,
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2011). The specific age cutoffs for mature and immature oil palm used in the reference document
were not provided. When all oil palm areas were included in comparison, the reference total
industrial area increases to 7,974 hectares. Our combined classification filtered result was 17.6%
larger than this reference area.
There is even less information available for validating smallholder oil palm area results.
The same document (SCS Global Services, 2019) claimed only 351 hectares of certified
smallholders in the area connected to these industrial plantations, showing the RSPO’s
incomplete information on smallholder oil palm production due to difficulty for smallholders in
getting certified. Another source claimed approximately 10,653 hectares of smallholders within a
30-kilometer radius of the Kwae plantation mill in 2008 (International Finance Corporation,
2011). Our filtered, combined classification had 41,047 hectares of smallholder oil palm within
this radius for 2019. While it is difficult to compare across such a large time difference, it is
known that oil palm increased across Ghana in this time-period (Figure 1.3) and this region
makes up a large portion of Ghana’s total oil palm area (MASDAR, 2011; USDA FAS, 2017).
The lack of reliable, up-to-date data on oil palm area in Ghana sub-nationally makes validation
of remote sensing outputs difficult. Depending on the level of postprocessing used for the
combined Sentinel-1 and Sentinel-2 classification, these results claim that 18.2% (3x3 mode
filtered, >0.5 hectare thresholded) to 24.5% (raw classification output) of the total oil palm
cultivated area of Ghana reported by the FAO for 2019 was located within the study area. While
the study area covers less than 4% of Ghana’s total land area, it covers two large industrial
plantations and a dense smallholder network that drive production in the Eastern Region,
Ghana’s most productive administrative region that has been responsible for more than 1/3 of all
oil palm cultivated in the country (MASDAR, 2011; USDA FAS, 2017).
Other than area statistics, results can be validated spatially with available RSPO planting
maps. The most up to date maps publicly available have planting information only up to 2014,
however they still offer beneficial information on sub-plantation details (RSPO, 2014). As the
maps provide the planting year for each field, they can help determine the effectiveness of the
classifier for mapping oil palm of different ages. Importantly, the maps also provide information
on which fields are planted with rubber, rather than oil palm. Figure 3.4 shows the combined
classification result (filtered and thresholded) overlaid on the RSPO planting map for a portion of
Kwae plantation. A qualitative visual analysis suggested the classification performs well,
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correctly classifying fields planted with oil palm and avoiding misclassifying rubber fields as oil
palm. Additionally, infrastructure like buildings and roads were not classified as oil palm, nor are
large areas left in their natural state to serve as buffers, as required by the RSPO. Fields planted
in 2013, however, appear to only be partially detected. This could be due to lack of full canopy
development by 2019 that lead to the spectral and backscatter signals that make oil palm unique.
These fields were be 6 years old during the 2019 classification, falling within the range of
minimum ages required for detection from previous remote sensing studies (Koh et al., 2011;
Descals et al., 2019; Descals et al., 2021).

Figure 3.4 Comparison of 2019 combined classification result (filtered and thresholded) with 2014 RSPO planting
map of Kwae plantation (northern focus area)

Viewing the results of the combined Sentinel-1 and Sentinel-2 five-class model provided
helpful information here as well. While this model was not the focus of this research, the
addition of limited training points to the oil palm and non-oil palm reference data allows for nonoil palm areas to be differentiated into different land covers. It seems the portions of the oil palm
fields planted in 2013 that were not classified as oil palm were classified instead as bare ground
or other vegetation (Figure 3.5). Separate training data representative of the young oil palm class
would have to be collected to properly map this class (Li et al., 2015). The dry season Sentinel-2
composite (true color) shows these fields as less green, suggesting the canopies have not fully
developed yet (Figure 3.5). This would impact spectral reflectance values and NDVI, and
therefore impact classification.
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Figure 3.5 Classification result of combined input five-class model, with focus on portion of oil palm field planted
in 2013

In other portions of Kwae plantation, the challenges of using the 2014 RSPO planting
map to validate our 2019 classification are evident. Older areas labeled as oil palm in the
planting map may have been replanted by 2019. Figure 3.6 shows oil palm fields planted in 1982
and 1985 that were still there in 2014 planting map, however our classification did not detect
them. It is known that oil palms have 20–30 year economic lifespans, after which yields decrease
and they are often replanted (Pashkevich et al., 2020). Further investigation using the Hansen
forest cover loss product confirms that these fields were replanted, with tree cover loss detected
in 2015 (Figure 3.6). Not enough time passed since this post-2015 replanting for our
classification to detect the oil palm. As expected, the five-class model classified these areas as
bare surfaces and other vegetation, indicating early stages of growth rather than mature, closed
canopy oil palms. Additionally, whole new areas of the plantation have been developed. A
region listed as unplanted in 2014 was filled with small plots as of 2019, correctly classified by
our combined classification and supported by the Hansen forest cover loss data and analysis of
high resolution imagery (Figure 3.6).
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Figure 3.6 Comparison of 2019 combined classification result (filtered and thresholded) with 2014 RSPO planting
map of Kwae plantation (southern focus area)

Analysis of Okumaning plantation presents a slightly different situation, as there are no
rubber fields planted within this plantation. The classification performed well over the older oil
palm fields and detected only portions of the fields planted in 2015 and 2016 (Figure 3.7). The
southern portion of the plantation was affected by cloud cover, as the Sentinel-2 dry season
mosaic did not fully remove clouds and haze in this region due to a lack of cloud free scenes in
the study period (Figure 3.8). As expected, cloud cover was classified as bare surface in the fiveclass model, suggesting cloud cover over oil palm producing areas is leading to undercounting of
true oil palm area. Cloud cover is a problem in the southern portion of the study area, as the
study area approaches the coastal region of Ghana, and may lead to the undercounting of large
portions of smallholders there.
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Figure 3.7 Comparison of 2019 combined classification result (filtered and thresholded) with 2014
RSPO planting map of Okumaning plantation

Figure 3.8 Performance of classifier for recently planted (2015) portion of Okumaning plantation and impact of
cloud cover on classification result

3.4 Comparison of Classification Output with Descals et al. (2021)
West Africa is understudied in oil palm remote sensing, resulting in a lack of results to
compare to. Therefore, global studies offer the only opportunity for comparison. Descals et al.
(2021) mapped oil palm globally for 2019 using a convolutional neural network. While their
classifier was different, they used a combination of Sentinel-1 and Sentinel-2 inputs, allowing for
a good comparison with our results. While they achieved extremely high accuracy globally
(98.53% OA), the performance of their model regionally varies widely. West Africa was cited
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specifically as the region where classification performed the worst, resulting in a large
underestimate of the total cultivated area when compared to FAO statistics. While their results
were near FAO statistics for countries in southeast Asia with large industrial oil palm areas, like
Malaysia and Thailand, oil palm area in Nigeria and Ghana was greatly underestimated. This
suggests an undercounting of smallholder areas, which is the overwhelming majority of oil palm
cultivated area in West Africa. Their method maps only 48,249 hectares of oil palm in all of
Ghana, less than 14% of the area reported by the FAO. Therefore, the Descals product cannot be
taken as an accurate map to validate our own results. Instead, it offers an opportunity to show our
improvements on the local scale of their global oil palm map in a region they found difficult to
map. The Descals product mapped 6,735 hectares of industrial oil palm (following our
established definition of pixels within RSPO shapefiles being considered industrial) compared to
our 8,328 hectares. While the true amount of industrial oil palm between Kwae and Okumaning
plantation is unknown, our classification did achieve a 90.3% accuracy for these plantations, and
visual interpretation of high-resolution imagery and RSPO planting maps shows clear portions of
oil palm in Kwae plantation missed by the Descals classification. Figure 3.9 offers a comparison
of the two results, with areas in common represented in red. Despite our result having better
detail within plantations, for example excluding road networks from oil palm classification, it
still detected much more oil palm.

Figure 3.9 Comparison of Descals oil palm classification and combined
classification from this study for industrial oil palm (Kwae plantation)
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The difference is even greater for smallholder oil palm. The Descals classification
mapped only 12,617 ha of oil palm outside of the Kwae and Okumaning plantations within the
study area, while our combined classification mapped 56,633 ha outside these plantations (using
filtered and thresholded result). Our independent smallholder accuracy assessment achieved an
OA of 80.4%, providing confidence that our smallholder mapping results outperform Descals in
an area of known difficulty for them. Visual analysis of an area of known high smallholder
density supports this claim (Figure 3.10). There are almost no areas where smallholders were
detected by Descals and not by our combined classification. Approximately 10,635 ha of
smallholder oil palm was reported within 30-kilometers of the oil palm mill at Kwae plantation
in 2008 by the company running Kwae and Okumaning plantations (International Finance
Corporation, 2011). This number only includes outgrowers directly connected to the plantations,
therefore greatly underestimating the true number of smallholders in the area. Additionally, this
is a subset of the 50-kilometer study area, and oil palm area in Ghana has increased more than
5% between 2008 and 2019 when the Descals data was collected (Figure 1.3), supporting the
argument that Descals undercounts the smallholder area in this region.

Figure 3.10 Comparison of Descals oil palm classification and
combined classification from this study for smallholder oil palm
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CHAPTER 4: CONCLUSIONS
4.1 Summary of Research
This study tested the performance of synthetic aperture radar and multispectral data from
Sentinel-1 and Sentinel-2, respectively, in mapping oil palm in Ghana. It addressed a gap in the
literature, as there is little attention paid to West Africa in oil palm remote sensing despite
cultivation increasingly shifting there. The shortcomings of current commonly used land cover
products were made clear, as they do not separate out oil palm from natural forest or other tree
covers (Figure A.3), limiting their usefulness for informing decision-makers. The combination of
Sentinel-1 and Sentinel-2 as inputs into a random forest classification achieved higher accuracy
than either data source on its own, supporting previous findings focused on southeast Asia. The
classification was driven by the unique structure of oil palms, seen in the importance of VH
backscatter and RVI, as well as their spectral reflectance in the red to SWIR portions of the
electromagnetic spectrum. In this data-scarce region, lacking previous research outputs and
reliable subnational statistics, results were validated with a combination of RSPO planting maps
and high-resolution imagery. Our results offer an improvement on the only publicly available
remotely sensed map of oil palm in Ghana.
4.2 Implication of Results for Ghana
These results provide a high-resolution (10 meter), high-accuracy (90.3% OA industrial;
80.4% OA smallholder) map of mature, closed-canopy oil palm in 2019 for one of the most
important production areas in Ghana. These results update outdated RSPO planting maps,
supplement the limited plantation shapefiles available from sources like the RSPO, and improve
upon the results publicly available from a global oil palm map within the study area. If
effectively scaled up to the country level, this could provide a high-resolution spatial component
to data that is now only available at the country level. Preliminary results suggest that this
method may be applied to other study areas in Ghana without the requirement of gathering new
training data (Figure A.4). A framework has been set up and feasibility proven for the remote
sensing of oil palm areas in Ghana, possibly spurring further research into the topic in Ghana and
West Africa that is currently lacking. The focus on mapping of smallholders is of particular
importance for Ghana, as it has a smallholder driven oil palm sector and the yields of these
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smallholders are comparatively low (Osei-Amponsah et al., 2012; Khatun et al., 2020). Better
understanding of where these smallholders are may allow for policies to be enacted that allow for
higher yields, with the goal of bringing more smallholders into the RSPO network and reducing
expansion of oil palm in the region at the expense of Ghana’s remaining natural forests. What is
not measured cannot be managed, however, and this work represents an important first step
towards improving the sustainability of oil palm cultivation in Ghana.
4.3 Future Directions
Future work will focus on the incorporation of texture information into the random forest
classification. The Grey-level co-occurrence matrix (GLCM) has been found useful in numerous
recent oil palm mapping studies (Descals et al., 2019; Sarzynski et al., 2020; Xu et al., 2021), as
well as simpler approaches like calculating the standard deviation of a moving window (Nomura
et al., 2019). These neighborhood statistics add valuable information for the classifier to learn.
Additionally, testing of different cloud filtering processes for creating the best cloud-free
Sentinel-2 input mosaic will be explored. While median compositing worked well for this study
area, the greenest pixel composite approach holds promise for applications to even cloudier
regions closer to Ghana’s cost. Effective cloud filtering is crucial to scaling this work up to the
country or regional level. Finally, incorporation of L-band SAR data will be considered. ALOS
PALSAR has been found useful in previous oil palm mapping studies (Li et al., 2015; Xu et al.,
2020). Its longer wavelength (L-band) allows for deeper penetration into canopies than Sentinel1 (C-band). Once launched, the NISAR satellite offers an exciting avenue for further research as
well.
4.4 Relevance to SERVIR
SERVIR is a joint initiative of NASA and USAID that partners with geospatial
organizations across the world to address environmental challenges using earth observation and
geospatial technology and build local capacity using this information for decision-making. This
research addresses agriculture’s impact on the environment, a large focus of SERVIR that cuts
across two thematic areas: Land Cover Land Use Change and Ecosystems, as well as Agriculture
and Food Security. The expansion of oil palm plantations into tropical forests is not unique to
Ghana. It affects forests in many SERVIR focus countries across the West Africa, Mekong, and
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Amazonia regions. This not only increases the potential impact, but also the room for cross hub
collaboration in the continuation of this work. Specific to the SERVIR West Africa Hub, this
work addresses a growing environmental challenge in the focus country of Ghana. It
complements the current work on illegal mining and charcoal harvesting to produce a more
comprehensive understanding of threats to Ghanaian forests. The findings of this research will be
shared with the SERVIR West Africa Hub and will particularly benefit the Centre for Remote
Sensing and Geographic Information Services (CERSGIS), a Ghanaian partner organization that
is instrumental in forest monitoring. This use of Earth observing satellites and geospatial tools to
map oil palm area in Ghana is just one example of how SERVIR works to connect space to
village.
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APPENDIX A

Figure A.1 Industrial oil palm in high resolution GEE basemap imagery
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Figure A.2 Smallholder oil palm in high resolution GEE basemap imagery
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Table A.1 Variable importance for each classification

Table A.2 Median land cover class values of the most important Sentinel-1
input variables (units in dB backscatter, other than VV/VH and RVI)

Table A.3 Median land cover class values of the most important Sentinel-2
input variables (units in reflectance, other than NDVI)
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Figure A.3 Common land cover products overlaid with the results of combined input classification, showing the
inability of these products to separate out the oil palm class and their misclassification as various natural forest and
tree cover types
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Figure A.4 Preliminary results of applying combined classification to new study area in Ghana without collection of
additional training data
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